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Are All Residential Customers the Same?
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Wide Variety of Load Shapes Exist Across
th Customers Within the Same Class
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Group Load Shapes Based on When and How
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Load Shape Characteristics that Could
qm'h Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summer day
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Load Shape Characteristics that Could
ﬂm’ﬂ Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summer day
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1. Baseload usage: Daily minimum usage
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summer day
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Load Shape Characteristics that Could
Affect Participation and Response

Block period usage: average
usage over a block of hours

Normalized Load
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Load Shape Characteristics that Could
Affect Participation and Response

Block period usage: average
usage over a block of hours
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summetr....
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summetr....

Wednesday Thursday
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summetr....

Wednesday Thursday
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summer....
Wednesday Thursday
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& 6. Variability in load shapes across days
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summetr....

Wednesday Thursday
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Load Shape Characteristics that Could
Affect Participation and Response

Load Shape: 24 hour usage for household #63

On one summetr....

Wednesday Thursday
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Use Characteristics to Cluster
Mo Customers Together

* Apply metrics to relevant smart meter dataset

e Cluster customers based on these
characteristics

e Assess the level of each characteristic for each
cluster relative to the other clusters
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Use Characteristics to Cluster
e Customers Together

)

* Apply metrics to relevant smart meter dataset

e Cluster customers based on these
characteristics

e Assess the level of each characteristic for each
cluster relative to the other clusters

Real world example:

- We found the characteristics of load shapes
that mattered to form cluster groups.....
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Load Shape Characteristics that we found are
important for clustering households into groups
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Load Shape Characteristics that we found are
important for clustering households into groups

Baseload

& Variability in load shapes across days -

<& Variability in post-peak hours across days -




Comparing Load Shape Metrics Across
Mo Customer Cluster Groups

Variability in load shape ﬁi... F --
Variability in post-peak usage [N D
Average peak usage HEN BN
Average pre-peak usage HEN TN
Baseloadusage | [ T BB

Minimum Maximum 51



Comparing Load Shape Metrics Across

Mo Customer Cluster Groups

A B E_F
Variability in load shape ..-.. ..

Variability in post-peak usage [N
Average peak usage HEN Bl
Average pre-peak usage HEN TN
Baseloadusage | [ T BB

Minimum Maximum
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Comparing Load Shape Metrics Across

Mo Customer Cluster Groups

A B F
Variability in load shape ..-.. ..

Variability in post-peak usage ....--.

Average peak usage ... .-
Average pre-peak usage ... .-
Baseload usage . ... .-

Minimum Maximum
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Mo

Comparing Load Shape Metrics Across

Customer Cluster Groups

A B F
Variability in load shape ..-.. ..
Variability in post-peak usage ....--.

Average peak usage

Average pre-peak usage

Baseload usage

Minimum

Maximum
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Applications of Customer Cluster
qm'h Grouping for Rate or Program Offerings

Rate or Program Target Marketing

* Existing load profile characteristics

« High savings potential: Customers who have a large
amount of load in the various key points in the day (i.e.,
peak and pre-peak periods) could potentially change it in
response to a rate or program

« Low baseload usage: Customers who have minimal
baseload have more load that is discretionary and thus
more load that could be altered in response to a rate or
program

25



Applications of Customer Cluster
qm'ﬂ Grouping for Rate or Program Offerings

Rate or Program Target Marketing

* Existing load profile characteristics

» High savings potential: Customers who have a large
amount of load in the various key points in the day (i.e.,
peak and pre-peak periods) could potentially change it in
response to a rate or program

= Low baseload usage: Customers who have minimal
baseload have more load that is discretionary and thus
more load that could be altered in response to a rate or
program

* Derived rate/program specific load profile
characteristics

« Structural winningness: Customers who are financially
better off just by participating in the rate or program
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Comparing Load Shape Metrics Across
Customer Cluster Groups

A B C D E F G H |

Structural winningness .... . .-

Minimum Maximum
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Comparing Characteristics Across
Mo Customer Cluster Groups

Variability in load shape ﬁi... F --
Variability in post-peak usage [N
Average peak usage HEN B

Average pre-peak usage HEERTHN
Baseloadusage | [ T B

structural winningness [ IIEEEE -!

Minimum Maximum )8




Comparing Characteristics Across
Mo Customer Cluster Groups

A|lB C

Variability in load shape -|..ii ii |
Variability in post-peak usage [N
Average peak usage HEN Bl
Average pre-peak usage HEN TN
Baseloadusage | |H T BB
Structural Winningness !I.-. N NE

Minimum Maximum 59
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Comparing Characteristics —
th Cliffhanger!!! What is the ground truth?

A|lB C

Variability in load shape -|..ii ii
Variability in post-peak usage [N
Average peak usage HEN B

Average pre-peak usage HEERTHN
Baseloadusage | [H T IR

Structural Winningness !I.-. B -!

Minimum Maximum 30
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Conclusions

* By analyzing existing smart meter data, a
utility can:
» Better understand the diversity of customers in its
service territory

» |ldentify load shape characteristics that may be
more conducive than others for participation in
some rate or program

31



Berkeley Lab - Behavior Analytics

Providing insights that enable evidence-based,
data-driven decisions
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